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Oil spill is one of the most dangerous catastrophes that threaten the oceans. Therefore detecting
and monitoring the oils spill by means of remote sensing techniques which provide a large scale
assessment is of critical importance to predict, prevent and clean the oil contamination. In this
study the detection of the oil spill using synthetic aperture radar (SAR) imagery is considered.
Detection of the oil spill is performed using change detection algorithms between imagery acquired
at different times. The specific algorithms used are the correlation coefficient change statistic and
the intensity ratio change statistic algorithms. Therefore these algorithms and the probabilistic
selection of the threshold criteria is reviewed and discussed. A recently offered change detection
method which depends on the idea of generating two different final change maps of two images
in a sequence, is used. First final change map is obtained by cumulatively adding the sequences
of change maps in such a manner that common change areas are excluded and uncommon change
areas are included. The second final change map is obtained by comparing the first and the last
images in the temporal sequence. This method requires at least three images to be employed and
can be generalized to longer temporal image sequences. The purpose of this approach is to provide
a double check mechanism to the conventional approach and thus to reduce the probability of false
alarm and enhance the change detection. The algorithms mentioned are applied to a 2010 Gulf
of Mexico oil spill imagery together with the method described. It is shown that intensity ratio
change statistic is a better tool for identification of the changes due to the oil spill compared to the
correlation coefficient change statistic. It is also shown that two final change map method can reduce
the probability of false alarm. The data used in this study is acquired by the Japanese Aerospace
Agency’s Advanced Land Observing Satellite (ALOS) through Alaska SAR Facility (ASF) at the
University of Alaska, Fairbanks, AK.
PACS numbers: 92.20.Ny, 93.30.Mj
I. INTRODUCTION
SAR imaging is extensively used for monitoring vari-
ous types of natural hazards and disasters. These include
but are not limited to earthquakes and faults, landslides,
volcanic activity, flooding, fires, hurricanes, tsunamis and
oil spills [1]. Satellite systems became invaluable tools for
early warning and post disasters assessment studies since
they provide a large scale view of the disaster area. This
is critically important to identify the effected areas by
the disaster. Compared to some small scale monitoring
systems, they can also provide information about the ex-
tent of the disaster in the inhabited areas. Various types
of sensors, imaging modalities and image formation tech-
niques are used in satellite systems which are used for
monitoring the disasters. A review of the satellite sen-
sors and associated image processing techniques used for
monitoring the natural hazards and disasters can be seen
in [2].
∗Email: cihan.bayindir@isikun.edu.tr
SAR imagery is also used for monitoring the oceans.
The first satellite used for acquiring imagery from the
ocean environment and the first civilian satellite with a
SAR sensor was the SEASAT satellite. It was launched
by USA in 1978. After that, many satellites such as ERS-
1, ERS-2, RADARSAT-1, RADARSAT-2, ENVISAT
and ALOS were placed on their orbits for monitoring
both the ocean and land surface. Measurements of ocean
surface waves and spectra, wave refraction and break-
ing, wind speed and direction, upwelling, sea ice, ocean
currents and current gradients, oceanic internal waves,
marine atmospheric boundary layers, underwater topog-
raphy and detection of ships and wakes are just a few
examples where SAR imaging is used for oceanographic
studies [1]. SAR imagery is also used to detect oil spills
and surfactants [1].
Oil on the ocean surface can be released from ships, re-
sult from seepage from sea bottom or can be spilled from
offshore platforms after collapses, fires or even under nor-
mal operating conditions. Bragg scattering is the dom-
inant mechanism of the electromagnetic wave scattering
from the ocean surface. Short gravity-capillary waves on
the ocean surface are the most responsible components
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2of the ocean wave spectra for the radar back scatter from
ocean surface [1]. Mineral oil on the ocean surface damps
these gravity-capillary waves. Therefore the radar back
scatter reduces and oil appears as dark patches in the
SAR imagery [1].
Oil spill on the ocean surface can be treated as a two
layer flow in terms of hydrodynamics. Realistic ocean
wave models such as given in [1, 3, 4] can be extended
for two layer flow including the capillary effects which
are characterized by surface tension and curvature of the
ocean surface to model the oil spill on the ocean surface.
Some similar studies can be seen in [1] where generally
approximate ocean models are used. While these studies
can provide a better understanding of the physics which
governs the scattering of microwaves from the ocean sur-
face they may not be the best way to understand the
larger dynamics of oil spill on the ocean surface since
they do not provide a global assessment.
In this paper, the detection of the oil spill by SAR
imagery is discussed. The change detection algorithms
are used to compare and detect the changes due to oil
spill. The specific algorithms used for this purpose are
the correlation coefficient change statistics and the inten-
sity ratio change statistics. A review of these algorithms
is presented. These algorithms are applied to data and
an assessment of the two algorithms is provided. Addi-
tionally, a recently offered methodology which can reduce
the probability of false alarms associated with detection
of the changes is applied. This method depends on the
idea of generating two change maps of any two images in
a three image sequence. This methodology is applied to
2010 Gulf of Mexico oil spill data which is acquired by
PALSAR of the ALOS satellite.
II. CHANGE DETECTION METHODOLOGY
Comparisons between imagery acquired at different
times can be made by some mathematical techniques
known as change detection (CD) algorithms. They are
used to extract information about the changes occurred
in a scene. These changes can be in the magnitude, lo-
cation and the direction of the scene. CD algorithms are
widely used in digital image and video processing to de-
tect temporal changes in one or multiple scenes [5]. They
have the capability to detect very subtle changes both in
the intensity and the phase values which may not be seen
by the human eye. For ideal change detection, the im-
agery should be acquired by the same or similar sensor
and using the same resolution, viewing angle and geom-
etry, spectral bands, time of the day and season [5–7].
Change detection mapping and analysis can be applied
to various types of imagery obtained by different sens-
ing systems such as radar, optical, multispectral or li-
dar, just to name a few. CD can be applied in various
disciplines including but not limited to remote sensing,
surveillance, medical imaging, civil infrastructure and
underwater sensing. SAR imagery is widely used for both
civilian and military reconnaissance. Earthquake, flood,
tsunami, hurricane damage assessment, monitoring oil
spills, extreme snow and ice conditions, fires, deforesta-
tion, illegal ship traffic, structural damages, military con-
structions and operations are a few examples to mention
where the airborne and satellite SAR imagery are widely
used.
Currently there are many change detection algorithms
available for use. It is possible to create a classification
matrix or tensor of change detection algorithms. One
possibility is to make a classification based on the dimen-
sions of the imagery, as 2D or 3D change detection algo-
rithms. Generally, depending on the phase values used
or not, the CD algorithms are classified as non-coherent
or coherent change detection algorithms.
Non-coherent change detection identifies changes in the
mean back scattered power of the scene by comparing
sample estimates of the mean back scatter power taken
from the repeat pass image pair however coherent change
detection also accounts for the changes in the phases. In
this paper only non-coherent change detection is consid-
ered. Two very widely used change detection algorithms,
the correlation coefficient change statistic and the inten-
sity ratio change statistic algorithms are used to make
an assessment of the changed areas due to oil spill. A
recently offered methodology which first appeared in [5]
and depends on generating double change map in a tem-
poral sequence with three images is used to reduce the
false alarm probabilities. A review of these algorithms
and the double change map methodology is provided in
the next section.
A. Review of the Correlation Coefficient Change
Statistic
The correlation coefficient between image pairs is de-
fined as
γ̂
total
= γ̂
SNR
γ̂
base
γ̂
scene
γ̂
vol
γ̂
proc
(1)
where γ̂
SNR
, γ̂
base
, γ̂
scene
, γ̂
vol
and γ̂
proc
are the decor-
relations due to relative back scatter signal to receiver
noise ratio, due to mismatch in the acquisition geome-
tries between first and repeat-pass data collections, in the
scene, due to scattering from a volume when a nonzero
baseline is used in the acquisition and image process-
ing, respectively. Discussions about the partial contri-
butions of these phenomena to the correlation coefficient
can be seen in [8]. Generally γ̂
SNR
γ̂
base
γ̂
vol
γ̂
proc
≈ 1 so
that γ̂
scene
is the indicator of the correlation between the
image pair. From now on for the sake of brevity γ̂ is used
in this paper instead of γ̂
scene
.
For image pairs with intensities f(x, y) and g(x, y) the
correlation coefficient, γ̂, is defined as
γ̂(x, y) =
∣∣∣∑Ni=1 figi∣∣∣√∑N
i=1 |fi|2
∑N
i=1 |gi|2
(2)
3where N is the number of pixels in the neighborhood
of the pixel (x, y) and generally taken as N = 3 × 3 or
N = 5 × 5 [9]. Cauchy-Schwarz inequality guarantees
that γ̂ ∈ [0, 1]. γ̂ = 1 refers to no change whereas γ̂ = 0
refers to a very significant change in the scene. When the
coherent change detection (CCD) methods are adopted,
the phase values of the received signals becomes impor-
tant. For a valid correlation coefficient for CCD, the
complex conjugate of either the first or the second image
should be taken in the Eq. 2 [5].
A threshold is used to vote for if there is change or
not between image pair. The selection of threshold ex-
hibits a tradeoff between the probabilities of detection
(Pd) and false alarm (Pfa) therefore related probability
density functions (pdf) need to be used. The pdf of the
correlation coefficient statistic is derived in [9, 10] as
p(γ̂|γ,N) = 2(N−1)(1−γ2)N γ̂(1−γ̂2)N−2 2F1(N,N ; 1; γ2γ̂2)
(3)
where γ is the underlying scene coherence. It is given by
γ = E{(mr)(nr)} mr = f/σf nr = g/σg (4)
with E{If} = σ2f , E{Ig} = σ2g . mr and nr are the
unit speckle noise components and E{} is the expected
value operator. 1F2 is the Gauss’ hypergeometric func-
tion which is defined as
1F2(a, b; c; z) = F (b, a; c; z) =
Γ(c)
Γ(a)Γ(b)
∞∑
l=0
Γ(a+ l)Γ(b+ l)
Γ(c+ l)
zl
l!
(5)
where Γ is the gamma function [5]. The plot of this pdf
can be seen in the Figure 1 below.
FIG. 1: Pdf of correlation coefficient change statistics for an
underlying scene coherence of 0.0 and 0.6 for N = 9.
This pdf is tested with experimental data and since it
agrees well with data it is widely used in change detection
studies such as in [9, 10]. Based on this pdf, the Pfa and
Pd can be calculated as [9]
Pfa =
∫ T
0
p(γ̂|γ = γunchanged)dγ̂
Pd =
∫ T
0
p(γ̂|γ = γchanged)dγ̂
(6)
which is equal to
P =
2(N − 1)(1− γ2)N
Γ(N)Γ(N − 1) .
.
N−2∑
k=0
[
(
N − 2
k
)
(−1)N−2−k
∞∑
l=0
[
Γ(N + l)
Γ(l + 1)
]2
γ2l
.
T 2N+2l−2−2k
2N + 2l − 2− 2k ]
(7)
which gives the Pd and Pfa as
P =
{
Pd, for γ = γchanged,
Pfa, for γ = γunchanged.
(8)
For γchanged = 0, P = Pd becomes [9]
P = Pd = 2(N−1)2
N−2∑
k=0
(
N − 2
k
)
(−1)N−2−k T
2N−2−2k
2N − 2− 2k
(9)
Threshold to be used for the change detection by the cor-
relation coefficient change statistic algorithm can be de-
cided by making use of Pd vs. Pfa graphs. In the Figure 2
Pd vs. Pfa, (or sometimes referred to as Receiver Op-
erating Characteristics (ROC)) curves for γchanged = 0
and γunchanged = 0.40, 0.60, 0.75, 0.90 for N = 9 are
given. Pd = 0.8 and Pfa = 0.1 can be achieved for
γunchanged = 0.60 as it can be seen in the Figure 2.
Generally a Pfa which is on the order of 10
−2 is used
in the literature [9].It is possible to reduce the Pfa sig-
nificantly, at least one order of magnitude, by making
the sampling window larger [9]. In Figure 3, Pd vs. Pfa
(ROC) curves for γchanged = 0 and γunchanged = 0.60 for
N = 4, 9, 16, 25 is presented. As it can be seen on the
figure, increasing N from 16 to 25 provides an order of
magnitude reduction in the false alarm rate [9]. How-
ever the window size should be commensurate with the
disturbance size in the scene in order to prevent contribu-
tions from both changed and unchanged pixels therefore
N should be limited [9].
4FIG. 2: ROC curve for correlation coefficient change statistic
obtained with underlying unchanged correlation coefficients
of 0.40, 0.60, 0.75, 0.90 and changed correlation coefficient of
0.0 for N = 9.
FIG. 3: ROC curve for correlation coefficient change statistic
obtained with underlying unchanged correlation coefficients
of 0.6 for N = 4, 9, 16, 25.
B. Review of the Intensity Ratio Change Statistic
The second change detection algorithm used in this
paper is the intensity ratio change statistic first proposed
by [10]. In this section a review of this algorithm which
was first presented by [9] is given. The intensities of the
image pair can be computed by
If =
1
N
N∑
i=1
|fi|2 Ig = 1
N
N∑
i=1
|gi|2 (10)
The pdf of these intensities follow a gamma distribution
which is verified using experimental data [8? , 9]. The
ratio change statistic is given by
R̂ =
If
Ig
(11)
which has various forms offered in the literature. A suc-
cessful version of this detector was first proposed in [10]
and is given by
r̂ =
{
R̂, if R̂ ≤ 1,
R̂−1, if R̂ > 1.
(12)
The r̂ rests in [0, 1] and a simple threshold can be applied
to detect the changed and unchanged areas [9]. The pdf
of this variable can be written as [9, 10],
p(r̂|R) = Γ(2N)
Γ2(N)
(
RN
(r̂ +R)2N
+
R−N
(r̂ +R−1)2N
)
r̂N−1
(13)
where E denotes the expected value and R =
E{If}/E{Ig}. The plot of this pdf can be seen in the
Figure 4 below.
FIG. 4: Pdf of intensity ratio change statistics for an un-
changed scene (0 dB) and scenes with 3 dB and 5 dB change
in the back scatter for N = 9.
This pdf is tested against various experimental test
imagery and it successfully represents the data [9, 10].
5Based on this pdf it is possible to calculate the Pfa as [9]
Pfa =
∫ T
0
p(r̂|R = R0)dr̂
=
Γ(2N)
Γ2(N)
∫ T
0
(
RN0
(r̂ +R0)2N
+
R−N0
(r̂ +R−10 )2N
)r̂N−1dr̂
(14)
where R0 = E{If}/E{Ig} with E{If} and E{Ig} are the
mean back scattered power in the unchanged regions of
the image [9]. The Pd becomes
Pd =
∫ T
0
p(r̂|R = R1)dr̂
=
Γ(2N)
Γ2(N)
∫ T
0
(
RN1
(r̂ +R1)2N
+
R−N1
(r̂ +R−11 )2N
)r̂N−1dr̂
(15)
where R1 = E{If}/E{Ig} with E{If} and E{Ig} are the
mean back scattered power in the changed regions of the
scene [9]. Analytical evaluations of these integrals are
given in [9]. The evaluation of Pfa and Pd leads to the
ROC curves given the Figure 5 and Figure 6.
FIG. 5: ROC curve for the intensity ratio change statistic
obtained with R0 = 0 dB and R1 = 1 dB, 3 dB, 5 dB, 10 dB
for N = 9.
It is useful to note that for Pd = 0.7 and N = 9, in-
tensity ratio change statistics with R1 = 3 dB and corre-
lation coefficient change statistic with γunchanged = 0.60
shows a quite similar behavior with both yields to the
value of Pfa = 0.07. Additionally it can be observed from
the Figure 5 above that, the back scatter ratio change
(R1) of 3 dB and Pd = 0.7 yields Pfa ≈ 0.35 which is an
unacceptably high value [9]. One possibility to overcome
this high false alarm rate is to increase the N .
FIG. 6: ROC curve for the intensity ratio change statistic ob-
tained with R0 = 0 dB and R1 = 3 dB for N = 4, 9, 16, 25, 36.
As it can be seen in Figure 6, increasing N from 9 to
25 reduces the Pfa from 0.35 to 0.06, for Pd = 0.7 and
R1 = 3 dB. However since the disturbance size and the
window size should be commensurate in order to prevent
contributions from both changed and unchanged pixels,
it is not possible to increase N unboundedly [9].
C. Double Change Map Method for Improving the
Probabilities of False Alarm
In this section a recently offered change detection
methodology which relies on the idea of generating two
final change maps in order to reduce the probability of
false alarm is used. Although it is applied for the CD
algorithms in this paper, it can be extended to CCD al-
gorithms as well. Using a temporal sequence of n im-
ages of the same target area, two final change maps are
generated. First change map is obtained by cumulatively
adding the successive change maps and the second change
map is obtained by applying the CD algorithm to the first
and the last image in the temporal sequence [5].
When performing the cumulative addition common
changed areas between the change map sequence is ex-
cluded to prevent accounting for a change first appears
and then disappears. However uncommon changed areas
between the change map sequence is included in an ab-
solute manner. By adopting this approach two different
change maps comparing first and the last image can be
generated. The changes present in both of the change
maps are critical since they are more likely to indicate a
detected change, not a false alarm. The changes which
are not present in both of the change maps are more
likely to be false detections. Joint change maps are gen-
erated by taking the intersection of the two final change
maps. Since more than one change maps are generated,
sampling and the accuracy of the change maps increases.
6This reduces the false alarm rates for a given probability
of detection. This method can provide a double-check
mechanism for majority of the CD or CCD algorithms
used in the literature. This approach is summarized by
the flowchart in [5]. Due to available data, this method
is applied to temporal sequences with three images [5].
III. RESULTS AND DISCUSSION
The oil spill images used in this paper are acquired in
2010 at three different locations in the Gulf of Mexico.
A review of the 2010 Gulf of Mexico oil spill can be seen
in [5]. The locations of the acquired imagery and the
location of the 2010 Gulf of Mexico oil spill can be seen
in the Figure 7 below.
FIG. 7: Locations of satellite data for Gulf of Mexico Oil Spill.
At each location three different images acquired at dif-
ferent times are used and therefore a total of nine im-
ages are analyzed in this paper. The scene identification
numbers, acquisition dates, path and frame numbers and
polarizations of these imagery are tabulated in [5].
These imagery are acquired by the PALSAR of the
ALOS satellite. Further discussion about ALOS and its
sensors can be seen in [11, 12]. Figures 8, 9 and 10 which
can be seen above and below are the co-registered images
acquired at location 1. The oil spill patches in the vicinity
of the peninsula can be seen with the naked eye as it can
be realized from the figures.
For the correlation coefficient change statistics algo-
rithm, the representative changed and unchanged areas
in the images lead to γchanged ≈ 0.45 and γunchanged =
0.92, respectively. This result shows that the correla-
tion between images are very high, even in the signifi-
cantly changed regions. Therefore the change detection
becomes harder. Additionally the correlation coefficient
change statistic is more sensitive to the changes in the
areas which are represented by bright pixels compared to
the changes in the areas represented by dark pixels [5].
Therefore especially when the oil spill is close to land in
FIG. 8: Image ALPSRP229470570-Acquisition Date
05/16/2010
FIG. 9: Image ALPSRP236180570-Acquisition Date
07/01/2010.
an image, the correlation coefficient change statistics be-
haves poorly. Using a threshold of T = 0.6, the change
maps can be obtained with the probabilities of Pd ≈ 0.90
and Pfa ≈ 0.35 which can be read from the ROC curves
discussed in the previous section. This high value of prob-
ability of false alarm is selected as a trade off of having
a high probability of detection to capture the oil spill
changes in the vicinity of the peninsula. However the
correlation coefficient change statistic algorithm behaves
poorly in detecting the changes due to oil spill despite
this high value of the Pd [5]. This poor performance can
7FIG. 10: Image ALPSRP242890570-Acquisition Date
08/16/2010
be seen in the Figures 11 and 12.
FIG. 11: Change maps of oil spill imagery collected on loca-
tion 1.
For the intensity ratio change statistics algorithm,
the representative changed and unchanged areas lead to
R0 ≈ 0 dB and R1 ≈ 5.05 dB. The change maps can
be obtained with the probabilities of Pd ≈ 0.95 and
Pfa ≈ 0.01 using a threshold of T = 0.5, which can be
read from the ROC curves. The resulting change maps
can be seen in the Figures 11 and 12 below. The inten-
sity ratio change statistic performs excellent for the oil
spill detection. This is due to the higher sensitivity of the
intensity ratio measure to the changes in the dark pixels
compared to the changes in the bright pixels.
Additionally as it can be realized from the Figures 11
and 12 above and below, two final change map method
proposed can be used as a double-check mechanism which
reduces the probability of false alarm. This method
works well for both of the algorithms used [5].
FIG. 12: Change maps of oil spill imagery collected on loca-
tion 1.
For the correlation coefficient change statistic the prob-
abilities of false alarm and detection of the joint change
map can be calculated as Pfa ≈ 0.352 = 0.12 and
Pd ≈ 0.902 = 0.81 . For the intensity ratio change statis-
tic the joint change map has Pfa ≈ 0.012 = 0.0001 and
Pd ≈ 0.952 = 0.90. Although the double change map
methodology causes a small reduction in Pd, it reduces
the Pfa significantly therefore enhances the change de-
tection [5]. For higher values of Pd used in obtaining the
two change maps, the joint change map will reduce Pd
insignificantly [5].
The co-registered images of the Chandeleur Islands ac-
quired at location 2 can be seen in the Figures 13, 14
and 15. Applying the change detection process on this
set of imagery, change maps in the Figures 16 and 17 can
be obtained.
As it can be seen in change maps presented in the Fig-
ures 16 and 17, the correlation coefficient change statis-
tics algorithm for the imagery acquired at location 2 is
again more sensitive to the changes on the bright areas
due to land of Chandeleur Islands and therefore behaves
poorly in oil spill detection. The intensity ratio change
statistic is again very successful in capturing the oil spill
changes which can be seen in the Figures 16 and 17 [5].
Additionally it can be realized from the figures that
two final change map method can effectively be used to
reduce the probability of false alarm for both of the al-
gorithms.
8FIG. 13: Image ALPSRP193440580-Acquisition Date
09/11/2009
FIG. 14: Image ALPSRP200150580-Acquisition Date
10/27/2009.
The probabilities of Pfa ≈ 0.352 = 0.12 and Pd ≈
0.902 = 0.81 are the probabilities of the joint change map
obtained by the correlation coefficient change statistic.
For the intensity ratio change statistic these probabilities
for the joint change map can be calculated as Pfa ≈
0.012 = 0.0001 and Pd ≈ 0.952 = 0.90. Although the
joint change maps obtained exhibits a small amount of
reduction in Pd it can be very beneficial for reducing the
Pfa significantly. When higher values of Pd is used in
obtaining the two change maps, the joint change map will
suffer less from the loss of Pd, almost to an insignificant
FIG. 15: Image ALPSRP240410580-Acquisition Date
07/30/2010.
FIG. 16: Change maps of oil spill imagery collected on loca-
tion 2.
level [5].
It is useful to remember that Chandeleur Islands is a
very dynamic coastal region which is subject to many
coastal processes such as hurricanes, floods, waves and
coastal erosion. Therefore they are subjected to signifi-
cant erosion losses. It is useful to note that correlation co-
efficient change statistic can be used as a critical change
measure for monitoring the coastal erosion amounts and
rates [5].
In the Figures 18, 19 and 20, the co-registered images
acquired at location 3 can be seen.
9FIG. 17: Final change maps of oil spill imagery collected on
location 2.
FIG. 18: Image ALPSRP231220550-Acquisition Date
05/28/2010.
For the correlation coefficient change statistics algo-
rithm on this image set, the selection of representative
changed and unchanged areas lead to γchanged ≈ 0.30
and γunchanged = 0.69, respectively. For a threshold of
T = 0.5, one can obtain the change maps with Pd ≈ 0.93
and Pfa ≈ 0.08. The parameters for the intensity ratio
change statistics is the same as before [5].
As it can be seen in change maps presented in the
Figures 21 and 22, the intensity ratio change statistics
still performs better. However the correlation coefficient
change statistics is also successful in detecting the con-
FIG. 19: Image ALPSRP237930550-Acquisition Date
07/13/2010.
FIG. 20: Image ALPSRP244640550-Acquisition Date
08/28/2010.
taminated areas due to the oil spill. This is mainly be-
cause there is no land in the scene so that there are only
very few bright pixels. For this reason, the correlation
coefficient change statistics performs better compared to
its previous performance on the previous image sets dis-
cussed above. Also the oil surfactant in the first image
in the sequence is denser compared to the second im-
age. This causes the CD methods to behave better since
change measures get more different from the threshold
values [5].
Additionally, again the two final change map method
reduces the number of false alarms. This can be realized
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by comparing the change map between the first and the
third images (CM 3) and the joint change map (Joint
CM) obtained by intersecting the CM 3 and the cumula-
tive additions of CM 1 and CM 2, both for the correlation
coefficient and the intensity ratio change statistics.
FIG. 21: Change maps of oil spill imagery collected on loca-
tion 3.
FIG. 22: Final change maps of oil spill imagery collected on
location 3.
For the correlation coefficient change statistic the prob-
abilities of false alarm and detection of the joint change
map can be calculated as Pfa ≈ 0.082 = 0.0064 and
Pd ≈ 0.932 = 0.87 . For the intensity ratio change statis-
tic, the probabilities for the joint change map can be cal-
culated as Pfa ≈ 0.012 = 0.0001 and Pd ≈ 0.952 = 0.90.
Although the double change map method causes a small
amount of reduction in Pd, it ia very beneficial for re-
ducing the Pfa significantly. When higher values of Pd
is used the joint change map will not suffer from the loss
of Pd [5].
IV. CONCLUSION AND FUTURE WORK
In this study an assessment of the existing non-
coherent change detection techniques used in remote
sensing is performed for the oil spill detection. Two al-
gorithms, the correlation coefficient change statistic and
the intensity ratio change statistic algorithms are utilized
for oil spill detection. These two algorithms are applied
on SAR imagery of the 2010 Gulf of Mexico oil spill which
are acquired by Japanese Aerospace Agency’s Advanced
Land Observing Satellite (ALOS). Additionally a new
methodology is tested which can reduce the probability
of false alarm. This methodology depends on the idea
of generating two different final change maps of the ini-
tial and final images. First final change map is generated
by cumulatively adding the sequences of change maps in
a manner that common change areas are excluded and
uncommon change areas are included. The second fi-
nal change map is generated by comparing the first and
the last images in the temporal sequence by the algo-
rithm in use. Although this method can be generalized
to longer temporal image sequences, in this paper tempo-
ral sequences with three imagery are used. This approach
provides a double check mechanism to the conventional
approach and thus reduces the probability of false alarm.
It is shown that the intensity ratio change statistic
performs significantly better compared to the correlation
coefficient change statistic for detection of the oil spill,
especially if the oil spill is in the vicinity of the land.
Additionally it is shown that by taking the joint change
map of the two final change maps, the double change
map methodology reduces probability of false alarm sig-
nificantly.
As a future work, other algorithms widely used in the
literature can be tested for the detection of the oil spill
in 2D or higher dimensions. The two final change map
method employed in this paper can be tested with other
change detection algorithms, except with those trivial
ones which give the same result of the direct compari-
son of the first and the last image in the sequence, such
as simple differencing or log-ratioing. Also testing this
methodology with other CCD algorithms for oil spills and
other type of disasters is a future research direction.
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